Purpose: It is important to enhance image quality for low-dose CT acquisitions to push the ALARA boundary. Current state-of-the-art block-matching three-dimensional (BM3D) denoising scheme assumes white Gaussian noise (WGN) model. This study proposes a novel filtering module to be incorporated into the BM3D framework for ultra-low-dose CT denoising, by accounting for its specific power spectral properties. Methods: In the current BM3D algorithm, the Wiener filtering is applied in the transform domain to a post-thresholding signal for enhanced denoising. However, unlike most natural/synthetic images, low-dose CTs do not obey the ideal Gaussian noise model. Based on the specific noise properties of ultra-low-dose CT, we derive the optimal transform-domain coefficients of Wiener filter based on the minimum mean-square-error (MMSE) criterion, taking the noise spectrum and the signal/noise cross spectrum into consideration. In the absence of ground-truth signal, the hard-thresholding denoising module in the previous stage is used as a plug-in estimator. We evaluate the denoising performance on thoracic CT image datasets containing paired full-dose and ultra-low-dose images simulated by a well-validated clinical engine (or pipeline). We also assess its clinical implication by applying the denoising methods to the emphysema quantification task. Our modified BM3D method is compared with the current one, using peak signal-to-noise ratio (PSNR) and emphysema scoring results as evaluation metrics. Results: The noise in ultra-low-dose CT presented distinct non-Gaussian characteristics and was correlated with image intensity. Performance evaluation showed that the current Wiener filter in basic BM3D algorithm yielded little denoising enhancement on ultra-low-dose CT images. In contrast, the proposed Wiener filter achieved (1.46, 1.91) dB performance gain in mean and median peak signalto-noise ratio (PSNR) for 5%-dose image denoising and (0.93, 0.95) dB improvement for 10% dose. A paired t-test of the PSNRs between denoising using the current and the proposed Wiener filters demonstrated statistically significant improvement, yielding P-values of 1.45E-12 and 1.34E-7 on 5% and 10%-dose images, respectively. In addition, emphysema quantification on the denoised images using the modified BM3D method also had statistically significant advantage over that using the current BM3D scheme, resulting in a P-value of 6.30E-5 with the commonly used measure. Conclusions: This work tailors the Wiener filter in BM3D algorithm to data statistics and demonstrates statistically significant performance improvement on ultra-low-dose CT image denoising and a subsequent emphysema quantification task. Such performance gain is more pronounced with a lower dose level. The development and rationale are generally enough for other image denoising tasks when the WGN assumption is violated.
INTRODUCTION
Computed tomography (CT), as a noninvasive imaging technique, has been widely used for quantitative imaging in both diagnostic and therapeutic applications. Its potential risk of radiation dose accumulation in regular screening examinations for cancer raises concerns and motivates the use of (ultra-)low-dose imaging, with the consequence of generally lower image quality associated with decreased mAs acquisitions. 1, 2 This impedes its value in quantitative imaging applications, such as thoracic disease assessment and screening studies, where CT is considered as the standard modality. Dose level reduction has demonstrated significant impact on the recognition of lung structures and quantitative analysis of airway/emphysema measurement, and demands sophisticated control. 3, 4 In this study, we investigate the low-dose thoracic CT screening for emphysema. In this screening, potential emphysema is identified in areas with abnormally low attenuation coefficients and this decision can be degraded severely by noise. The robustness of quantitative emphysema scoring on (ultra-)low-dose CT images was recently studied in Refs. [5, 6] , showing that iterative image reconstruction strategies should be incorporated to improve the agreement between full-dose and low-dose images on emphysema scoring. Different noise reduction approaches have been investigated in the low-dose CT, and denoising in the (reconstructed) image domain is desirable as there is no need to access the proprietary raw sinogram data. One major challenge in performing denoising in image domain is the lack of a good noise model, which is often object-dependent, especially in ultra-low-dose cases where complex artifacts such as streak are also present. 9 In this study, we investigate the block-matching three-dimensional (BM3D) denoising algorithm to solve low-dose CT denoising problems. 10, 12 The BM3D method has demonstrated state-of-the-art performance on natural/synthetic images when they are corrupted by white Gaussian noise (WGN). It includes two sequential denoising steps, in which the transform-domain collaborative Wiener filtering in the second stage brings significant performance gain compared to the estimate from the first-stage hardthresholding denoising. However, the efficacy of the Wiener filter in current BM3D method is questionable when the WGN and signal/noise independency assumptions are violated. In Ref. [13] , Wiener filtering in BM3D was left out due to its ineffectiveness in dealing with the power-law noise that deviated from Gaussian model. In Ref. [14] , the BM3D method was modified to reduce correlated noise by resorting to prewhitening and a Wiener filtering adapted to noise variances. Similarly, the application of the basic BM3D on low-dose CT denoising is also restricted by the WGN assumptions.
In this study, we apply BM3D algorithm to ultra-low-dose CT denoising and tailor the Wiener filter in BM3D to data statistics. More specifically, we first study and analyze the statistics of the stochastic ultra-low-dose CT noise, generated with a verified pipeline to introduce realistic stochastic noise in the projection domain. 15 Following the minimum meansquare-error (MMSE) criterion in classic Wiener filter design, we then optimize the transform-domain coefficients based on the noise statistics and the signal/noise cross correlation. The hard-thresholding denoising module in the current BM3D framework is used as a plug-in spectrum estimator for the ground-truth signal. We compare the efficacy of the modified BM3D method and the current one on CT image denoising over various dose levels. 15 In addition, we evaluate the effect of the denoising methods on emphysema scoring as a typical clinical application.
The rest of this paper is organized as follows. Section 2 provides a brief overview of the original BM3D method, presents the statistics of ultra-low-dose CT noise, and modifies BM3D with a new Wiener filter tailored to data statistics. Section 3 reports experiment performance. Section 4 summarizes this work with discussions and conclusions.
MATERIALS AND METHODS

2.A. Property of ultra-low-dose CT image noise
We first observe the statistical properties of low-dose CT image noise with different dose reduction levels. The thoracic CT scans used in this study were collected from a multidetector CT scanner (Definition AS, Siemens Health-ineers, Forchheim, Germany) with original dose of 2 mGy. Images had been reconstructed at thickness of 1.0 mm using the B45 filter from the FreeCT_wFBP software package. 15 The reduced-dose scans were obtained by adding calibrated noise to the raw projection data, based on the algorithm proposed in Ref. [16] and the noise model validated in Ref. [17] . We used ten cases to explore the property of low-dose noise. For each case, volumetric image datasets with both the original (2 mGy) dose and the simulated dose reduced to 5% (0.1 mGy), 10% (0.2 mGy), 25% (0.5 mGy), and 50% (1.0 mGy) of original were provided. The low-dose noise was obtained as the deviation of low-dose voxel value from the corresponding full-dose one, based on the assumption of additive noise model.
The Kolmogorov-Smirnov (K-S) test for normality at 1% significance level (critical value: 1.73E-4) was performed on the low-dose noise for the above ten cases. It resulted in test statistic 1 of 0.51, 0.50, 0.49, and 0.47 for low-dose noise with levels of 5%, 10%, 25%, and 50%, respectively, with P-value of exact zero. This demonstrates that (a) the distribution of low-dose image noise deviates considerably from normality and (b) the noise deviates further from normality as dose level reduces. Figure 1 illustrates the distribution of cross correlation coefficients between image signal, that is, the corresponding full-dose voxel value, and noise. The cross correlation coefficient is first calculated over voxels in each 8 9 8 patch, where the properties of both signal and noise are assumed to be stationary. The probability density function (pdf) for these cross correlation coefficients is then generated from all extracted patches of the image set, and finally averaged over ten independent generations of stochastic noise with different seeds. Based on Fig. 1 , clear dependence between signal and noise can be appreciated in low-dose CT images.
2.B. BM3D denoising with Wiener filter tailored to data statistics
We apply BM3D algorithm to ultra-low-dose CT image denoising. The flowchart of BM3D method is shown in Fig. 2 . BM3D scheme contains two sequential stages of collaborative filtering, which is the basic idea of BM3D. Collaborative filtering in each stage groups similar non-local patches into a 3D patch stack, 2 filters each stack in the 1 The K-S test for normality is to find out if the empirical cumulative distribution function (cdf) of the given data is equal to the hypothesized one. Its test statistic refers to the maximum absolute difference between the two cdfs. 2 To simplify description, we discuss two-dimensional images with 3D patch stacks. The proposed method can be naturally extended to 3D applications.
transform domain, and aggregates the filtered patches to reconstruct the denoised image 10 . The main differences between the two stages lie in that (a) hard thresholding is used for transform-domain filtering in the first stage while Wiener filtering is used in the second stage, and (b) the basic estimate from the first stage, rather than the noisy image, is used to group patches and designate Wiener filter's coefficients in the second stage to filter the original noisy image. Wiener filtering is a crucial module to enhance denoising, compared to the basic estimate obtained from the hardthresholding denoising.
For a noisy image I in space Ω (I z 2 <, z 2 Ω), we extract a patch at each coordinate z using a sliding window approach, search for its similar patches, and group them into a 3D patch stack. For simplicity, we denote the patch stack observation in transform domain by where X z ðf Þ and V z ðf Þ are signal and additive noise on subband f, respectively. In the first stage, hard-thresholding denoising generates a basic estimate for it. In the second stage, Wiener filtering is performed to improve the estimatê
where Wiener filter's coefficients W z ðf Þ are optimized following the MMSE criterion:
Current Wiener filter: The current BM3D algorithm assumes (1) the independency between signal and noise, that is, E X z ðf ÞV z ðf Þ ð Þ¼0, and (2) the Gaussian distribution of noise with zero mean and variance r 2 . The optimal Wiener filter coefficients are derived as
whereX basic z ðf Þ is the basic estimate from the first-stage hardthresholding denoising and used to estimate the spectrum of noiseless image; the noise variance r 2 is estimated from training data. For ultra-low-dose CT, as the independency assumption and the WGN model are violated, the current Wiener filtering scheme is no longer theoretically optimal.
Proposed Wiener filter: We follow the traditional optimization criterion [Eq. (3)] in Wiener filter design and tailor it to low-dose CT denoising. We consider to incorporate the cross spectrum between the noiseless and noisy images, denoted by P . We use the hard-thresholding denoising module in the first stage as a plug-in spectrum estimator and take its basic estimateX ground-truth X z ðf Þ. This is motivated by the fact that transform-domain hard thresholding (such as wavelet shrinkage) with elaborate threshold setup usually results in unbiased estimate. 11 We then derive the optimal Wiener filter's coefficients as
These filtered patch stacks are inversely transformed into image space and aggregated to reconstruct a denoised imageÎ. 10 
EXPERIMENT SETUP AND RESULTS
3.A. Image denoising
The dataset used in this study contained 20 cases, among which ten cases had pronounced emphysema. We randomly took ten cases as training set to obtain model parameters and used the left ten cases to evaluate the denoising performance.
We assessed the efficacy of BM3D algorithm with the current Wiener filter and the proposed one, on ultra-low-dose thoracic CT image denoising. The peak signal-to-noise ratio (PSNR) was calculated by comparing a denoised low-dose imageÎ with the original full-dose one, denoted by I To reduce the influence of texture variation, the edge profiles along the lines across the boundary, shown in black-dashed curve, are averaged within each region denoted in (a), and the resulting averaged edge profiles are shown as the red curves. The distance for the averaged edge response to change from 10% to 90% is coarsely measured as 3 (4), 3 (6), and 3 (7) voxels in region 1 (region 2) for the full-dose, low-dose, and denoised image, respectively. [Color figure can be viewed at wileyonlinelibrary.com]
As another important aspect of image quality, image resolution was also observed. The experiment followed the recommended setups in Ref. [10] . The standard deviation of noise in Hounsfield unit (HU) was 184.89 and 122.56 for 5% and 10% dose levels, respectively, measured from training images. Figures 3 and 4 illustrate the CT image denoising results with 5% and 10% dose levels, respectively, using the current BM3D method and the proposed one. The results from the first-step hard-thresholding denoising are also shown for comparison, which is equal to method proposed in Ref. [13] . Figure 5 reports their PSNR statistics, showing that the current Wiener filtering in the BM3D method yields little gain compared to the hard-thresholding denoising, while the proposed Wiener filtering brings significant benefits. Such benefits are observed to be more pronounced with lower dose levels, that is, higher noise power, where the image noise deviates further from Gaussian distribution, as observed in Section 2.A. 18 Results of a paired t-test further demonstrate that the modified BM3D method using the proposed Wiener filter offers statistically significant advantage with P-values of 1.45E-12 for 5% dose level and 1.34E-7 for 10% dose level, compared to the current BM3D method. As a non-local-mean-type filtering scheme, the BM3D approach has locally variant spatial resolution. It is extremely difficult, if not impossible, to define a global resolution. In this study, we qualitatively characterize and compare the spatial resolution by observing the edge response. Specifically, we select two regions with boundaries of different contrast and report their edge response in Fig. 6 . The edge profiles are visually compared among the full-dose image, the 5%-dose image, and the one after BM3D denoising.
From the edge profiles, we can see that the full-dose image shows distinct change at the "boundaries," and the 5%-dose image has oscillation due to the high noise. The denoised image shows the suppressed oscillation and spatially variant resolution change after denoising. In the highcontrast region (contrast level >750 HU) across lung boundary, a "sharp jump" (i.e., high resolution) in the edge profile is observed in Fig. 6(b) , and well recovered after BM3D denoising as in Fig. 6(d) . As a coarse estimate, the 10%-90% edge response distance is unchanged after denoising for the high-contrast region 1. For region 2 with lower contrast (contrast level <200 HU), the edge profile becomes flatter after denoising as shown in Fig. 6(g ) with an increased 10%-90% edge response distance, which indicates reduced resolution compared to the full-dose image as shown in Fig. 6(e) . 
3.B. Emphysema Scoring
We applied the proposed denoising scheme to quantitative emphysema scoring in thoracic CT screening. We chose the relative area (RA) of the lung falling below an HU threshold, typically in the range from À960 HU to À910 HU, as a quantitative emphysema measure. 5, 6 The well-investigated measure RA950 indicates the percentage of lung voxels with attenuation coefficient lower than À950 HU.
Two 5%-dose image slices with and without visible emphysema are illustrated in Figs. 7 and 8 , respectively. Images are displayed in lung window with window center of À600 HU and window width of 1500 HU to highlight the lung anatomy. Their emphysema masks are generated based on RA950. We can see that much more pixels are mistakenly marked as emphysema due to the low-dose noise, using emphysema masks obtained on full-dose images as benchmark. When visible emphysema exists as in Fig. 7 , the modified BM3D method can also reach a decent balance between correcting the voxels without emphysema and detecting the abnormal area. In the case without emphysema as shown in Fig. 8 , the modified BM3D method more effectively reduces the high false-alarm probability, compared to the current BM3D scheme. The false-alarm probability is reduced from 24.66% to 1.40% using the modified BM3D denoising while the current BM3D achieves 8.50%, averaged over the normal cases tested in this study.
The RA deviation for the (denoised) ultra-low-dose images from the full-dose one in emphysema scoring is reported in Fig. 9 . We can observe that our proposed BM3D scheme with a modified Wiener filter has a better behavior than the current one in reducing the bias and the variation caused by low-dose noise. Additionally, the result of a paired t-test is shown in Table I , which demonstrates the statistically significant advantage of the emphysema scoring after the proposed BM3D denoising over that after the current BM3D denoising.
DISCUSSION AND CONCLUSION
This study investigated the performance of BM3D algorithm on ultra-low-dose CT image denoising, where the signal/noise independency and Gaussian noise assumptions were violated. The coefficients of Wiener filter in BM3D method were optimized to adapt to the data statistics, and practical methods to perform spectral estimation of noise properties and signal/noise correlation were provided. The proposed Wiener filter demonstrated statistically significant performance advantage on denoising ultra-low-dose thoracic CT images and emphysema scoring, compared to the current Wiener filtering scheme.
Unlike filtered back projection-based CT reconstruction with different kernels or post-processing with a shift-invariant smoothing filter, the BM3D denoising approach is based on non-local-mean-type filtering and generally results in locally variant spatial resolution. However, there is no consensus to define a "matched" global resolution in this case, which is extremely difficult if not impossible. This is why we assessed the denoising performance in terms of PSNR without considering the resolution, which is also an important aspect of image quality.
The proposed denoising framework is not restricted to any specific noise model or image dimensionality. It can be applied to denoising images of different modality or noise properties, the statistics of which can be estimated by the plug-in estimator based on hard thresholding. The proposed denoising method can also be generalized to higher dimensional scenarios, with patch grouping and collaborative filtering modules implemented with higher dimensionality. The volumetric image denoising was performed slicewise in this preliminary study. We will extend it by modifying the current BM4D scheme, 21 where 3D patches are grouped and Wiener filtering performs on four-dimensional patch stacks.
Similar to other nonlocal self-similarity-based denoising strategies, patch grouping plays an important role in both performance and speed. We are actively pursuing more effective similarity metric to sift out patches yielding the optimal collaborative filtering result. The current processing time for each slice is around 2 s, running on Intel Core i76700K with 16GB memory. This may impede the potential use in realtime applications. We are also trying to speed up the proposed method by parallelizing the patch grouping procedure or designing more efficient nonlocal searching patterns.
